Toxicogenomics is an emerging multidisciplinary science that will profoundly impact the practice of toxicology. New generations of biologists, using evolving toxicogenomics tools, will generate massive data sets in need of interpretation. Mathematical tools are necessary to cluster and otherwise find meaningful structure in such data. The linking of this structure to gene functions and disease processes, and finally the generation of useful data interpretation remains a significant challenge. The training and background of pathologists make them ideally suited to contribute to the field of toxicogenomics, from experimental design to data interpretation. Toxicologic pathology, a discipline based on pattern recognition, requires familiarity with the dynamics of disease processes and interactions between organs, tissues, and cell populations. Optimal involvement of toxicologic pathologists in toxicogenomics requires that they communicate effectively with the many other scientists critical for the effective application of this complex discipline to societal problems. As noted by Petricoin III et al (Nature Genetics 32, 474-479, 2002), cooperation among regulators, sponsors and experts will be essential for realizing the potential of microarrays for public health. Following a brief introduction to the role of mathematics in toxicogenomics, "data interpretation" from the perspective of a pathologist is briefly discussed. Based on oscillatory behavior in the liver, the importance of an understanding of mathematics is addressed, and an approach to learning mathematics "later in life" is provided. An understanding of pathology by mathematicians involved in toxicogenomics is equally critical, as both mathematics and pathology are essential for transforming toxicogenomics data sets into useful knowledge.
INTRODUCTION
A transcriptome, as currently defined, comprises the entire population of messenger ribonucleic acid (mRNA) transcripts in a cell, cell population, or organ at a given moment in time. Transcriptomics is the study of these entities, which are composed of 30-40,000 transcripts, and >100,000 splice variants of these transcripts (Shackel et al., 2002) . The application of transcriptomics and other functional genomics technologies to toxicology is known as toxicogenomics, and many aspects of this nascent discipline have been reviewed recently (Burczynski, 2003) . New technologies, such as largescale differential gene expression arrays, are rendering a significant proportion of the transcriptomes of many species amenable to study. Interpretation of these data is an interesting challenge, for which toxicologic pathologists are ideally suited (Boorman et al., 2002) .
The design of toxicogenomics studies, and effective interpretation of the transcriptome, should include consideration of both the spatial and temporal contexts of gene expression changes observed. The spatial context refers to an animal in a population, an organ in an animal, a region within an organ, a specific cell type within such a region, or a cell culture system. The physiological states and control circuitry (via nerves, hormones, signal transduction, resource allocation) associated with these locations are also components of such spatial structure. The temporal context refers to activity of the transcriptome as it evolves in time, which is clearly influenced by the control circuitry referred to previously. The study of events as they unfold in time is known as dynamics, and this is a mathematically sophisticated discipline with many applications in physics, engineering, and biology (Strogatz, 1994) .
Toxicogenomics is passing through an early phase of its evolution, reminiscent of that experienced by "toxicologic pathology" about 30 years ago. Like pathology, the effective application of toxicogenomics requires a broad range of skill sets, including molecular biology, biochemistry, pathology, toxicology, bioinformatics, statistics, and mathematics. Effective communication between researchers in these diverse disciplines will be critical for optimal progress and effective application of toxicogenomics to disease risk assessment (Petricoin et al., 2002) . People trained in disciplines as diverse as toxicologic pathology and mathematics have different views of the world, which is reflected in the languages that they employ (Figure 1) .
Mathematics and pathology are, however, both key components of toxicogenomics. The problem of interdisciplinary 13 r Life is brief! How are we to optimize progress through interdisciplinary communication if we speak such different languages? Furthermore, these are just 2 of many languages we need to comprehend. It is proposed that (a) we attempt to learn just enough of each other's languages to converse intelligently, and (b) such an approach needs to be incorporated into our work/play philosophy. A creative attempt to address this language problem is presented in a constructive and enjoyable manner by The Transnational College of LEX (LEX, 1995) . Pathology and mathematics were selected for the present article because morphology provides a perfect complement to the many mathematical approaches being applied to toxicogenomics by bioinformaticians (Baxevanis and Ouellette, 2001 ) and biomathematicians (Somogyi and Sniegoski, 1996; Fickett and Wasserman, 2000; Holter et al., 2000; Schuster et al., 2000; Becskei et al., 2001) , while pathology is one essential component of any such study (Crosby et al., 2000; Boorman et al., 2002) .
The objectives of this article are to (a) introduce the extensive role played by mathematics in toxicogenomics and bioinformatics, (b) discuss a potential role for pathologists in toxicogenomics, undertaking one-gene-at-a-time data interpretation, and (c) address the critical need for more pathologists to undertake a study of mathematics in order to build a link between the latter. The importance of the temporal aspects of transcriptome behavior is also addressed, using oscillatory dynamics in the liver and in liver-derived cell cultures as an example.
THE ROLE OF MATHEMATICS IN TOXICOGENOMICS
DATA ANALYSIS For the purposes of toxicogenomics, a beautiful structure such as the liver is homogenized, and the RNA extracted and hybridized to a large-scale gene expression array platform, to yield a measure of the state of the transcriptome (Figure 2) .
A considerable amount of mathematics is involved between detection of a signal on the array and generation of a table of normalized signal intensity data needed to reveal treatment-related changes. A recent review of this process, published by Causton et al. (2003) is highly recommended as it provides a clear introduction to many aspects of gene expression microarray analysis. Gene expression changes detected in whole organ experiments are clearly an average of all cell types and locations in the liver, though progress is being made in the generation of transcriptome data from single Vol. 32(Suppl. 1), 2004 TOXICOGENOMICS AND MATHEMATICS 15 FIGURE 2.-This is a pictorial representation of the process by which a "work of art" (the liver) is used to generate large-scale gene expression array data on the Affymetrix platform. The signal intensities derived from the array, which require considerable mathematical manipulation in the case of this technology, are then processed using statistical software, such as NLR (output shown in table, lower right of figure) (Kepler et al., 2001) to yield statistically, but not otherwise, verified responses.
cells (Tietjen et al., 2003) . Furthermore, homogenization has a number of critical drawbacks, which should be carefully considered when interpreting such data (Ho, 1993) . Maybe somewhat surprisingly, however, this method yields a large amount of insightful information on the state of organ or tissue function at the time of processing (Shackel et al., 2002) . For instance, the number of reports of large-scale transcriptional responses to toxicants in the liver (Thomas et al., 2001; Fountoulakis et al., 2002; Kurachi et al., 2002; Porsin et al., 2003) is increasing, with each such report having the potential to reveal a broad range of underlying mechanisms of toxicity, but how do we interpret these large data sets once we have them? Here mathematics plays an essential role, with the objective being to (a) eliminate the effects of noise through statistical procedures, (b) detect patterns of behavior within the data in relation to treatment, (c) detect patterns of behavior that relate to and explain other endpoints, such as pathology or clinical chemistry, and (d) discover the regulatory and signaling networks/cascades that control these events. The role of mathematics in these processes cannot be underestimated (Tyson et al., 2003) ; in the case of our understanding of regulatory networks, it may be a prerequisite.
If bioinformatics procedures are used without an understanding of the underlying mathematics, or without the guidance of an individual that does, one will be working with a "black box," which is suboptimal at best. Such procedures include approaches to data normalization, pattern recognition (singular value decomposition, principal component analy-sis, clustering algorithms) and associated data visualization ( Figure 3 ). Causton et al. (2003) provide a valuable introduction to selected aspects of mathematical approaches used for these procedures, including a clear description of distance measurement, manipulations in vector space, clustering and principal components analysis. Some limited knowledge of geometry, linear algebra, and statistics would certainly help the reader to follow this narrative, which provides key insights to the analyses. A discussion of data presentation, including data matrix structures, is another valuable feature of this book.
Reviews of data visualization procedures for toxicogenomics and the respective underlying mathematics have been cited (Jagota, 2000; Causton et al., 2003; Kohane et al., 2003) and will not be reviewed here. Many bioinformatics approaches recognize and display structural patterns in these large data sets. Such pattern recognition approaches, combined with the use of pathology-based transcriptome databases and mechanism of action-based interpretation of the transcriptome, are briefly discussed by multiple authors in an excellent introduction to toxicogenomics, edited by Burczynski (2003) . However, the role of pathology and what we call "one-gene-at-a-time interpretation" are not covered in any detail, while the issues of time and dynamics (as opposed to dynamic range) were absent from the index of this volume. Such interpretational methods will guide future development of new algorithms and tools of elucidation, where, for some applications needing a quick answer (such as forensic TOXICOLOGIC PATHOLOGY FIGURE 3.-Gene expression data visualization programs, results from three of which are shown (left), are based upon sophisticated statistical and other mathematically-based procedures. Principal components analysis (PCA) is a statistical procedure that uses singular value decomposition, a product of advanced linear algebra (Leon, 2002) . Relevance networks apply correlation statistics (e.g., Pearson correlation, which was used in this example using PathlinX software) and have the advantage of permitting diverse data types (Kohane et al., 2003) . Dendrograms and heat maps, available via Eisen software from the Internet , have been widely used to display general patterns in such data. These procedures provide information about the structure of the data while true knowledge requires personal insights gained from a combination of such methods and an understanding of the relevant field(s), which can be gained only from in-depth reading of textbooks (right). pathology or hospital or other nonresearch toxicology testing laboratories), they will probably be used as "black boxes." We have, therefore, prepared this article to complement rather than repeat the material presented in the above-mentioned review, which is recommended to readers interested in understanding the state-of-the-art of many technical, analytical, statistical, and other aspects of toxicogenomics. As pathologists we tend to focus on functionally well-characterized mRNA transcripts, which led us to interpret transcriptomes from toxicology studies one-gene-at-a-time.
TOXICOGENOMICS DATA INTERPRETATION: A
PATHOLOGISTS' PERSPECTIVE Analysis and subsequent interpretation of toxicogenomics data can be both challenging and frustrating. This process entails (a) the application of statistics to determine the probability that the intensities of gene transcript expression changes observed in response to treatment are truly different to those of the control group, (b) initial data triage using bioinformatics tools referred to above, and then (c) gene-by-gene interpretation based upon consideration of a "gene expression list." Following the initial computer assisted analysis, one is presented with a list of tens to hundreds of different transcripts that have been statistically significantly up-regulated or down-regulated compared to those of a reference population. When presented with this list of dysregulated gene transcripts, one is faced with the seemingly overwhelming task of identifying their function. For many of the transcripts, the function(s) of the respective proteins may not be known. For those genes with a known function, finding this information can be tedious and time consuming. A variety of bioinfor-matics databases and date-triage tools are available online to help with this endeavor. Once such approaches have been applied, one is still required to employ literature searches and a range of textbooks in order to further understand a particular gene function. Automated or semi-automated methods, such as EASE (Hosack et al., 2003) , have been developed whereby a variety of bioinformatics databases can be searched simultaneously, the results triaged statistically, and relevant information pooled into a single spreadsheet with an effective range of hyperlinks to selected databases. The gradual improvements in such computer-based methods has made annotating gene lists somewhat easier, but literature searches are still required before detailed annotations of the gene functions are adequate within the context of the experimental data being interpreted. In effect, one needs time and patience for this stage of the process. "Digestion" of this information then proceeds to integration with other endpoints to yield potential "knowledge" in the form of an understanding of the probable physiological events revealed by the transcriptome, which, in our experience, is dependent upon an adequate supply of textbooks.
After determining the function of dysregulated gene transcripts, it is helpful to categorize them into functional classes (e.g., fatty acid metabolism, immune regulation, cell proliferation, apoptosis). This may help elucidate changes happening at the level of the transcriptome in regard to a variety of metabolic or signaling pathways, but these changes should always be interpreted in light of other available study information, such as hematology and clinical chemistry data, histopathology, organ weights, or enzymatic analyses. Diagramming relevant pathways affected by treatment can be useful for illustrating effects of gene transcript expression, but one must remember that the published role(s) of many of the transcripts that are linked in these pathways is often speculative in nature, and further investigations are necessary to prove or disprove a cause and effect relationship due to over or under expression of a particular gene (both increased and decreased expression levels, it is stressed, must be considered). A great deal of information can also be gained by identifying genes in certain functional classes whose expression has not been altered by the test treatment. Furthermore, the statistical level of change is of much greater relevance than fold change, and a "fold change cut-off approach" is strongly discouraged. Important issues concerning the use of ratios versus signal intensity data has been discussed in detail (Crosby et al., 2000; Causton et al., 2003) .
These interpretations could include indications of a broad range of changes from diminished protein synthesis (downregulation of ribosomal machinery) to alterations in energy metabolism, such as a shift from fatty acid catabolism to the increased use of glucose. The latter change would be associated with down regulation of transcripts associated with mitochondrial β-oxidation (e.g., thiolase) and those associated with transport of such fatty acids towards and into the mitochondrial compartment (e.g., fatty acid binding protein, carnitine palmitoyltransferase-1), and upregulation of glycolytic enzymes. Increased oxidation of glucose is often associated with down-regulation of gluconeogenesis (indicated by down-regulation of phosphoenolpyruvate carboxykinase), possibly to reduce the risk of futile cycling of this resource. Through study, one slowly builds a picture based on a basic understanding of the relevant biology, such as biochemistry (Murray et al., 2000) , cell biology (Alberts et al., 2002) , or immunology (Abbas et al., 2000) . These speculative interpretations can then guide subsequent research designed to both confirm and extend the knowledge gained. Examples of such interpretations by toxicologic pathologists have been published elsewhere (Boorman et al., 2002; Brown et al., 2002; Kuruvilla et al., 2003) .
While toxicologic pathologists are clearly not the only scientists capable of effectively interpreting toxicogenomics data, they do have a valuable strength in the form of their training in anatomy, physiology and disease pathogenesis at the level of the cell, tissue and whole animal. Pathologists are also skilled in the integration of large amounts of laboratory and histopathology data to diagnose target organ toxicity, and they possess descriptive skills needed to communicate their findings. This training is combined with knowledge of the basic mechanisms involved in common responses to toxic insults, as well as knowledge of expected toxicities (or lack of toxicity) for particular classes of compounds. These skills, combined with the ability to build a mental picture of morphologic changes in tissue sections, may help identify important patterns of transcriptome expression that otherwise could be missed. Clearly, each team member brings a unique perspective, and toxicogenomics is a research effort that benefits from multiple disciplines. We each have our respective strengths and weaknesses. A biochemist will see effects on metabolic pathways in the gene lists that may not be apparent to pathologists or mathematicians, for instance. Once such a process has been detected by the biochemist, a pathologist (or histologist) can provide the biochemist with important morphological links to regional and cell type-specific protein expression by using immunohistochemistry.
The ultimate value of toxicogenomics lies in improving our ability to predict the potential for toxic responses to chemical or biological entities. Predictive power will probably be augmented by the creation of databases of transcriptome expression patterns for a large number of well-characterized treatments. Such databases containing information on hundreds of known chemicals are now commercially available (though expensive) and their ability to predict the potential for toxicity of new chemicals is encouraging (the authors unpublished observations). To date, most such databases have been focused specifically on liver toxicants using data from rats, however, databases for other tissues and species are being developed. Furthermore, information on transcriptional responses by cell culture systems is increasing and contributing to our mechanistic understanding of responses by the transcriptome to toxicants, with much of this work having focused on hepatocyte or hepatocyte-derived culture systems (Burczynski et al., 2000; Baker et al., 2001; Casey et al., 2002; Morgan et al., 2002) . With respect to hepatocyte culture, the type of baseline data provided by Boess et al. (2003) will be essential for effective design of gene expression-based toxicology screens. The latter investigators demonstrated marked differences in gene expression patterns in hepatocyte cultures, liver slices, and intact liver, including marked effects of time in culture on the expression of many genes. Pathologists can also play an important role in the interpretation of morphologic changes in cell culture systems used for toxicogenomics studies (Crosby et al., 2000) , and H&E staining of such systems has been recommended (Bolon et al., 1993) for the detection of many cellular events, including apoptosis and a range of degenerative changes which evolve in time . The liver, which is currently playing a key role in the development of toxicogenomics, is both spatially (structurally) and temporally complex, and an understanding of both aspects (coordinate systems!) is critical when attempting to build a mental picture of any organ. Such a picture is one key to effective transcriptome interpretation.
THE SPATIAL AND TEMPORAL ASPECTS OF THE LIVER When dealing with the liver there are at least three spatial components that must be kept in mind for transcriptomics studies. First, and perhaps most obvious are the different hepatic lobes. The specific lobe of the liver sampled is not mentioned in many microarray experiments. While this may be less important for long-term exposures, we have found that with a single oral exposure to an hepatotoxicant, profound lobe differences occurred (Irwin et al., 2003) . The zonal variation of the liver is familiar to most toxicologists, but what may be less appreciated is the differential gene expression along the hepatic plate. Glutamine synthetase and glutaminase are important in the liver in the urea cycle. Glutamine synthetase is expressed in a very restricted zone of hepatocytes immediately contiguous to the terminal hepatic venule (Gumucio et al., 1994) while glutaminase is found only in periportal liver parenchymal cells (Watford et al., 2002) . A chemical causing centrilobular hepatic necrosis would give microarray results suggestive of decreased expression of glutamine synthetase but the proper interpretation would be a loss of cells that express this gene. Another spatial component of TOXICOLOGIC PATHOLOGY the liver that is critical to our understanding the function of this organ, the functional lobule, has been studied in considerable detail (Vidal-Vanaclocha, 1997) .
The static view of the liver presented to us by light microscopic examination of H&E-stained sections, while being extremely information-rich, can be misleadingly seductive. The reality of the living liver is much more interesting than that of the dead liver slice, however beautifully stained. Not so apparent from these static images are the facts that blood is continually pulsating through liver sinusoids, creating an oscillating gradient of oxygen, nutrients, hormones, and waste products along each liver lobule, with corresponding impacts upon regional metabolism (Arias et al., 2001) . This blood bathes the endothelium, and washes over the Kupffer cells and pit cells that live there. Selected components of the incoming blood reach the Space of Disse via the regionally structured field of endothelial fenestrations (Arias et al., 2001) , to bathe hepatic stellate cells, mesenchymal connective tissue populations that regulate the extracellular matrix (Larreta-Garde and Berry, 2002), and hepatocytes. Stellate cells respond to a number of signals to regulate fluid supply to the sinusoid and the space of Disse (Vidal-Vanaclocha, 1997), providing the potential for feedback loops to control local resource availability. Hepatocytes employ blood-borne resources to generate other blood components (glucose, lactate, and many proteins, such as clotting factors) and waste products (bile salts for excretion to the intestines, urea for elimination via the kidneys, and carbon dioxide for removal via the lungs). All of this activity is reflected in the local nature of hepatocyte metabolism from one region of the functional liver lobule (Arias et al., 2001; Vidal-Vanaclocha, 1997) to another. This progression moves from the more oxygen and nutrient-rich, and relatively waste-product-poor periportal regions to the relatively hypoxic, waste product-laden, downstream venous regions ( Figure 4) ; (Vidal-Vanaclocha, 1997). These gradients change significantly as one moves from one meal to the next, as do the structures of the transcriptomes of the respective cell types. For detailed reviews of liver structure, physiology and function, see Arias et al. (2001) and Vidal-Vanaclocha (1997) .
In addition to the internal structure of the liver, one must consider the central role played by this organ in whole body function, and the manner in which the liver interacts with many other organs or organ systems. A highly simplified diagram of these interactions is shown in Figure 5 , while more detailed descriptions are available in physiology and biochemistry texts (Guyton, 1976; Murray et al., 2000) .
For example, if you explore energy metabolism in such texts, you will find accounts of resources cycling between liver, muscle (Cori Cycle), fat, and kidney (Randall Cycle) and a web of integrated control circuits, that regulate these fluxes, (Mathews and van Holde, 1990; Krauss and Quant, 1996; Brand, 1997; Braun et al., 1997; Rigoulet et al., 1998; Skulachev, 1998) involving several hormones (insulin, glucagon, epinephrine) and the nervous system, each of which can dramatically impact gene expression patterns in these and other organs (Sack et al., 1996; Heddi et al., 1999; Li et al., 1999; Gómez-Casati et al., 2002) . Resource availability (glucose, lactate, amino acids, ions, proteins), which involves interorgan dependence, is a component of such control circuitry that should not be underestimated. Clearly, an understanding of whole body physiology and biochemistry, both essential components of training in toxicologic pathology (but not in mathematics), are critical aspects of transcriptome Vol. 32(Suppl. 1), 2004 TOXICOGENOMICS AND MATHEMATICS 19 FIGURE 5 .-This simplified diagram of selected communication relationships between the liver and some other key organs involved in whole body energy metabolism are provided as an opportunity for you to 'just imagine' what happens to the transcriptome of each region of each organ following a meal. Bon appetit! interpretation. Furthermore, whole body physiology is associated with a number of important rhythms, each having the potential to impact toxicogenomics.
BIOLOGICAL RHYTHMS AND HEPATIC DYNAMICS
Life is wet and dynamic (Berg, 1993) , and of these dynamics "rhythms are among the most conspicuous properties of living systems. Rhythms occur at all levels of biological organization, from unicellular to multicellular organisms, (and populations of such animals (Post and Forchhammer, 2002) ) with periods ranging from fractions of a second to years" (Goldbeter, 1997) . Our daily lives are subject to the rhythms of our heart and lungs, feeding, elimination, sexual, social and aging cycles, and circadian rhythm(s). With respect to biological oscillations, circadian rhythm (Ishida et al., 2000; Porsin et al., 2003; Terazono et al., 2003) , cell cycle dynamics (Klevecz, 1969; Shymko et al., 1984; Spellman et al., 1998; Alcantara et al., 2001) , intracellular calcium concentrations (Barhoumi et al., 2002) , and neuronal action potentials (Zhou and Kurths, 2003) appear to be the most extensively studied issues at a mechanistic level, having periods of 1 day (Potter et al., 1969) , several hours (Goldbeter, 1997) , less than 1 minute (Barhoumi et al., 2002) , and less than 1 second (Fall et al., 2002) , respectively ( Figure 6 ).
Calcium oscillations, in the form of waves, have been demonstrated in the intact perfused rat liver (Robb-Gaspers and Thomas, 1995) , while abnormalities of NAD(P)H oscillations in neutrophils have been associated with disease pathogenesis in a human case of pyoderma gangrenosum (Adachi et al., 1998) . Of these oscillatory behaviors, circadian rhythm has the most obvious potential to impact the design of toxicogenomics studies. The report by Kita et al. (2002) of circadian rhythm in kidney and liver transcriptomes of rats provides a valuable starting point for the consideration of this variable. The latter study identified 597 genes whose relative expression levels were significantly affected by time of day, and of these, many were also affected by feeding.
If we are aware of the structure and behavior of a system, we are less likely to design naïve experiments that are of limited value at best, and possibly misleading. Dynamic responses, such as oscillations, can be examined using dense time series experiments. Such behavior is the subject of a branch of mathematics known as "Fourier Analysis of Time Series" (Bloomfield, 2000) . It would appear that we might learn a great deal about biological dynamics from mathematical studies of apparently unrelated issues that exhibit similar behavior patterns (Figure 7) .
For an interesting and challenging description of mathematical approaches to such data sets, some of which were used by Morgan et al. (2003) in their studies of gene expression in HepG2 cells, see Bloomfield (2000) . The mathematics of Fourier detected the probability of periodic behaviors in all of the data sets presented in Figure 7 , some of which were not apparent to the eye, and phase relationships between them. Such frequency and phase characteristics provide valuable clues as to the nature of the underlying control circuitry. They also indicate that biological systems might best be considered as complex integrated circuits, for which a biological oscilloscope , with support from mathematical modeling approaches (Ho, 1993; Strogatz, 1994; Nowak and May, 2000; Taubes, 2001) , rather than limitless reductionistic dissection, might provide a more effective way TOXICOLOGIC PATHOLOGY FIGURE 6.-Oscillations occur on many time scales, with periods ranging from less than a second to many years. The approximately 36-minute period of asparagine synthetase mRNA expression in HepG2 cells (top left) is bracketed by the more frequent (period less than one minute) peaks of Ca ++ in the Clone 9 hepatocyte cell line (Barhoumi et al., 2002) (top right) and the daily oscillations of hepatic tyrosine transaminase in the rat (Potter et al., 1969) . similar dynamics for very different endpoints and time scales. Graphs of normalized signal intensity plotted against sample number (sampled each 5 minutes for 6 hours) of (A) the CYP1A1 transcript from the second time-course experiment of Morgan et al. (2003) using RT-PCR (TaqMan) and (C) the retinol binding protein-1 transcript (detected using Clontech Nylon Expression Arrays). Both A and C were derived from HepG2 cells following routine media replacement . These behavior patterns are compared to those of, (B) the Western European wheat price index for the years 1500 to 1750, and (D) annual sunspot numbers for the years 1700 to 1840. C and D were derived from sources cited by Bloomfield (2000) . In the first comparison (A and B) there are irregular peaks superimposed upon a gradual overall increase in the "signal," while in the second comparison (C and D) there are fairly regular peaks and valleys.
forward Furthermore, an important feature of oscillatory behavior is for one oscillation to influence or entrain another (Strogatz, 2003) , indicating the potential for physiologically significant interactions between oscillating variables in biological systems that contain coupled oscillators. Examination of the texts on dynamic behavior cited here (Strogatz, 1994; Bloomfield, 2000; Ermentrout, 2002 ) reveals a clear need to comprehend mathematics if one wishes to effectively explore such behavior by the transcriptome or other biological systems. While attempting to understand our data from HepG2 cells we were forced to confront this interesting challenge.
LEARNING MATHEMATICS LATER IN LIFE! One cannot know everything, but mathematics is becoming increasingly difficult to do without in a life of science. When working with gene expression arrays, mathematical tools are critical. In the review of microarray analysis by Causton et al. (2003) , there are fairly extensive descriptions of the mathematics underlying clustering algorithms, principal components analysis, and statistics that are routinely employed. One example from this book, which explains the nature of vector representations of gene expression data, and the use of unit vectors and the dot product, is presented in Figure 8 as an example of the use of trigonometry, and Pythagorean Theorem for the study of gene expression.
Pathology has traditionally been a descriptive discipline, acquired with the aid of techniques that increase our powers of observation and accurate recording of those observations during biology classes and subsequent clinical and pathology residency training. Such techniques include drawing tad- A and B) , their respective unit vectors (A and B ) and the angle between them (α), in two dimensions (x 1 and x 2 ). The Euclidean and chord distances are also shown. Knowledge such mathematical manipulations, which are covered in most college-level calculus courses, is essential for an understanding of singular value decomposition and other vector-based approaches to gene expression analysis using microarrays. Published with permission, from Causton et al. (2003). poles as a child, rabbit bones in high school biology classes, complex anatomy for surgical examinations, and histological structures from microscopic fields in a pathology residency. Drawing is also a key tool when attempting to capture the intricate multidimensional development of disease processes, such as abomasal displacement in cattle or ureteral occlusion in dogs. Finally, all this comes together in the running of a diagnostic facility or reading rodent cancer bioassays. This learning process and its subsequent application consume the majority of our professional lives, leaving little time to enjoy such arcane things as mathematics.
It is becoming increasingly clear, however, as genomics and molecular biology impinge on the field of pathology, that an adequate knowledge of the relevant branches of mathematics is likely to become an imperative in the training of future practitioners. Yet, for those currently in the field, this is a needed skill, and our lack of said skill (as a collective group) is in need of redress if we are to fulfill our role now and in the immediate future.
Mathematics is a subject that takes time and calm digestion, every person learns it at a different rate, and most working pathologists just do not have the time. Furthermore, for many, mathematics is associated with stressful memories of learning under pressure for examinations, giving a very misleading impression of what is really a delightful art. From experience, we can assure you that you can enjoy learning sufficient mathematics to communicate with the applied mathematicians, statisticians, physicists, engineers, and bioinformaticians who provide the critical underpinnings of toxicogenomics. But, what is mathematics? Two interesting definitions are provided for your consideration: 22 MORGAN ET AL TOXICOLOGIC PATHOLOGY r Mathematics is "no more, but no less, than a way of thinking clearly" (Nowak and May, 2000) .
r Mathematics consists of the study and development of methods for prediction (Taubes, 2001) .
The field of mathematics is as vast as the field of biology, with a history of several thousand years. Our goal is provide guidance on how to approach the task of learning mathematics, with enjoyment and from the perspective of a biologist. There are many different approaches to the teaching of mathematics. For instance, Jonathan Swift in Gulliver's Travels (Swift, 2003) , reported that in the Mathematics School in Balnibarbi "The Proposition and Demonstration were fairly written on a thin Wafer, with Ink composed of a Cephalic Tincture [] and this the student was to swallow . . . [whence] . . . the Tincture mounted to his brain." In contrast, highly proof-based procedures are generally preferred by pure mathematicians. In our opinion, the former reflects the general perception of the difficulties associated with learning mathematics while the latter are best avoided, at least initially.
The author of Alice in Wonderland, C. L. Dodgson (Lewis Carroll), provides some concrete advice on learning logic (Dodgson, 2002) , an important component of mathematics. This advice, which is directed towards the study of Lewis Carroll's book on logic, is paraphrased briefly, as follows: (1) begin at the beginning (which is reminiscent of a statement by the Red Queen in Alice in Wonderland), (2) don't start any fresh chapter until you are certain that you thoroughly understand the whole book up to that point, (3) when you come to a passage you do not understand, read it again, and if necessary again, and if you still do not understand it, after 3 readings, very likely your brain is becoming a little tired, and you should set it aside, and take up other occupations until the next day, at which time you will probably find the material quite easy, and (4) find "some genial friend" who will read the book along with you, with whom you can talk over and work through the difficulties.
We concur with all of these suggestions, with one modification to the third one. If you do not understand a certain aspect of mathematics, especially with respect to every step in a derivation or proof, move on to work some problems relative to the problem topic, and later return to the difficult section, at which time the confusing step generally becomes clear. Learning by doing is truly the only way to master any branch of mathematics! We also recommend that you read popular literature on the history of mathematics, such as topics that catch your eye in bookstores or libraries; this can demystify the field of mathematics very effectively. For instance, in the case of statistics we recommend "The Lady Tasting Tea" (Salsburg, 2001 ) and for number theory, "Prime Obsession" (Derbyshire, 2003) .
There are many keys to the process of learning mathematics later in life. First, you must let go of any unpleasant memories of learning mathematics "under the gun" for examinations, and take a little time for the process. Consider as you go along which area of mathematics you would like to understand. For instance, if you plan to undertake extensive analyses of large gene expression array data sets on a regular basis, an understanding of linear algebra (Leon, 2002) would be a valuable asset, while an interest in dynamical model-ing could lead you to study differential equations (Taubes, 2001) more extensively. Such a choice early on can reduce the time needed to reach your goal. Most importantly, find mathematics texts that suit you, as they differ considerably in style, clarity and approach to teaching, and wherever possible obtain the solutions manual. Start at the appropriate knowledge level for you, resist the temptation to skip any steps, and find a teacher who enjoys teaching. Obtain a mechanical pencil, eraser, plenty of paper, a graphing calculator; and some reference books (see later). Computer software, such as Mathematica or MatLab, can be valuable tools, but they are not essential initially. It is extremely important to master problem solving with pencil and paper before using computer assistance. Finally, the following approach to developing a mathematical understanding of dynamics is being used by one of the authors; with encouraging progress (selected recommended texts are cited):
Step One: Complete all problems in a review of high school mathematics, such as the Princeton Review course for high school students (Spaihts, 1998) , of which only the first of 3 volumes is cited here.
Step Two: Complete all odd numbered problems (answers provided!) in a precalculus text (Stewart et al., 1998 ) that you like, to address essential aspects of basic algebra, geometry, and trigonometry, and introductions to such things as logarithms, complex numbers, and vectors.
Step Three: Complete all odd-numbered problems in one or more calculus texts of your choice (Stewert, 1998; Thompson and Gardner, 1998 ). An "Ancient Simian proverb" quoted by Thompson and Gardner, from the original book by Gardner, which was designed to demystify mathematics, you might find encouraging: "what one fool can do, another can."
Step Four: Find texts that "introduce you gently" to your selected area of study. For instance, if you wish to understand Fourier Analysis choose a text that is kind to the nonmathematician, such as "Who Is Fourier?" (LEX, 1995) . The latter publication also provides an effective and lighthearted introduction to limit theory, differentiation and integration, which are key tools in your mathematics toolbox.
Step Five: Peruse the mathematical biology literature and accumulate a mathematics, library, which should include a good mathematics dictionary (Gullberg, 1997) and a reference book of standard values and equations (Zwillinger, 2003) .
Step Six: Watch with satisfaction as your ability to comprehend previously incomprehensible material progressively improves, and enjoy the excitement of solving problems that seemed intractable at first.
Important Tip
Sometimes you will have such trouble solving a problem that you become exhausted and frustrated. In this case, make a note of it and return to it later. If the problem is a proof Vol. 32(Suppl. 1), 2004 TOXICOGENOMICS AND MATHEMATICS 23 or difficult formula, working some examples often clarifies things. If necessary find a teacher to explain that which you do not comprehend. Knowing (a) when to keep trying, and (b) when to seek assistance, are important learning skills in mathematics.
If you are serious about your studies consider auditing college level courses in applied mathematics. Other students in such classes, which may include mathematicians, chemists, and engineers, will appreciate your knowledge of biology when you have the courage to speak up and, in return, they are generally very willing to assist in your mathematical education. You can also develop important collaborations via such courses. The existence of our recent publication in Toxicologic Pathology , which combines biology and mathematics, is a direct consequence of such an approach to interdisciplinary communication, which involved auditing courses in both biology and biomathematics. You will no longer have to take at face value the statements of statisticians and other mathematically sophisticated colleagues. You will be able to test their reasoning more effectively, earn their respect, and thus provide a critical intellectual bridge between mathematics and pathology. Equally importantly, you may have an opportunity to teach some biology to a statistician or mathematician, which can be rewarding and is generally much appreciated, in our experience.
